We model the future tobacco consumption, size of smoking population and governmental tax revenues in the Czech Republic. The main model assumption states that smokers determine their future tobacco consumption behaviour as adolescents. Further assumptions make the model applicable to the data from the Czech National Monitoring Centre for Drugs and Drug Addiction. Future teenage smoking rates and average consumption are the inputs to the model; consumption growth coefficients for each age category are estimated using zero-inflated negative binomial regression. Several scenarios are built to model possible developments, including extreme cases. All our scenarios show that all model outcomes are going to grow until 2028 in a very similar pattern. In particular, the projected number of smokers in 2028 is by 4-8% higher than in 2013, the total daily tobacco consumption and tax revenue by 7-26%. This increase is induced by aging of large birth cohorts.
Introduction
Though the harmful effects of smoking on human's body are nowadays commonly known, smoking is still popular in many societies and there has not been a significant decline in smoking rate over the past few years. According to Sovinova et al. (2016) the longterm proportion of smokers in Czech adult populations fluctuates between 28% and 32%. According to the OECD (2014), the Czech Republic is its only member, whose percentage change in smoking rate over the period of 2000-2011 was positive (4.7%), while the OECD average was negative (−20.7%). The Czech government introduced a smoking-ban, which should regulate the sale of tobacco, and a smoking ban in restaurants and bars. Such a measure is common in many EU countries. Just like in case of other risky behaviour (obesity, alcohol, etc.) this ban intends to discourage desired choices of consumers, which may (or may not) be based on imperfect information or myopic behaviour and consequently lead to their addiction. This paper explores possible trajectories of tobacco consumption in the Czech Republic. Our theoretical model applied on empirical data and various development scenarios provide predictions for smoker population size, total daily tobacco consumption and governmental tobacco tax revenues up to 2078. The resulting outlook based on demographic projections can be used to understand the mechanisms of possible transformation in smoking behaviour as well as to see the prospects of tobacco industry and governmental tax revenues in the Czech Republic. The main assumption of the model is that smokers determine their future smoking status and consumption levels as adolescents and are unable to quit later on throughout their life. That implies that the model scenarios and outcomes are always based on future smoking rates and average consumption among teenagers.
Our model further assumes that tobacco consumption proportionally changes with age in a way that is determined as a product of individual's teenage tobacco consumption and a coefficient for his current age category. These parameters are estimated using empirical econometric analysis, namely Zero-Inflated Negative Binomial Model (ZINBM). The analysed data set comes from a survey (from Q4/2012) by the Czech National Monitoring Centre for Drugs and Drug Addiction. The data structure allows to focus on age categories of size of 5 years from the age of 15 up to 65. As the coefficients estimation identifies the determinants of consumption and smoking status, its results might be interesting from a health economist's point of view as well.
While smoking is a common research topic in the Czech Republic, majority of Czech tobacco research papers are very medically oriented (see for example Perinova et al. (2016) ). Thus, there are only a few relevant studies like Movsisyan et al. (2016) , which actually use quantitative models to predict causalities, future development, or the structure of the smoking population. Among those Sovinová et al. (2008) used the method of smokingattributable fractions to estimate (ex-post) that six years earlier, in 2002, smoking could induce 19% (20,550 deaths) of overall Czech mortality. Interestingly, women represented only around 30% out of these deaths. Levy et al. (1997) also studied the Czech smoking related mortality. Their study models future mortality rates for several tobacco policy scenarios using SimSmoke simulations. Spilková et al. (2011) analysed smoking data from 2003 using multilevel modelling, which showed that education is negatively related to smoking, while unemployment and divorced status are associated with higher smoking. Moreover, men proved to be more likely to become smokers.
Because the majority of tobacco consumers initiate smoking as teenagers, many research papers focus particularly on this age group as Ross et al. (2003) and Powell et al. (2005) . A good example is the work of Pertold (2009) who compared the past (primary school) and current smoking status of secondary school freshmen in order to estimate the peer effects of their current classmates. The results show that boys are liable to peer pressure but girls are not. However, the peer group in this case is limited to the classroom; in reality it could differ or be much larger. Tesar (2011) also found the peer effects to be an important factor for youngsters, particularly, the influence of friends and family. According to a survey by Králíková et al. (2013) many adolescent initiators are unable to quit their tobacco addiction. Later on, they form the non-teenager percentage of the smoking population as they age. Kvaček (2011) applied the theory of rational addiction by Becker et al. (1988) to study the demand for tobacco and estimated its price elasticity as −0.2. This indicates that Czech tobacco consumers are quite inelastic. Mendez et al. (1998) use similar approach to our paper to predict prospective tobacco prevalence. Their model is more detailed as they account for smoking cessation and differ death rates for smokers and non-smokers. Their approach is specific to tobacco as its addiction is an important factor to reflect in the model.
When it comes to non-addictive goods, many researchers use age-(period)cohort analysis to predict future consumption. This method estimates the effects of age, birth cohort and time period, however, as have Mason et al. (1973) pointed out, in this case the confounding effect of these variables can cause problems in the regression analysis. This issue has been addressed by Rentz et al. (1991) and further by Carstensen (2007) who proposed incorporating spline functions to estimate age, period and cohort as continuous variables. Some examples of age-cohort model applications are by Mori et al. (2004) , who used the Bayesian model modification to predict future food consumption in Japan, and by Kerr et al. (2004) , who studied the age and cohort effects on alcohol consumption in the United States.
Model

Model Description and Assumptions
Our model is based on an assumption that smokers initiate smoking as adolescents and remain smokers throughout their whole life, i.e. the smoking prevalence and some base level of consumption (adolescent/initial consumption) is cohort specific, while coefficients determining the current consumption are age specific. Therefore, our model predictions are scenario-based -depending on the characteristics of future adolescents. Our model is given by the following equations:
where: t = time; t ∊ Z; t = 0 is the initial period i = age category; i ∊ [ 1, ..., n] with i = 1 as the youngest P i,t = size of population of i th age category at time t r t = percentage of smokers within the youngest age category at time t s i,t = population of smokers within age category i at time t S t = total population of smokers at time t α t = average tobacco consumption of the youngest cohort (i = 1) at time t b i = age category specific tobacco consumption level (factor); b 1 = 1; b i > 0 c i,t = tobacco consumption of i at time t in terms of cigarettes daily C t = total tobacco consumption at time t in terms of cigarettes daily
Our model assumes that:
 i = 1 is an age category covering teenage years up to 20 years of age.

Each age category covers the same number of consequent years of age. Each year of age belongs to only one age category. In other words, the period between i and i + 1 in years equals the size of one age category, such that between t and t + 1 the whole (surviving) population of P i,t moves to P i+1, t+1 . This dynamics is assumed, however, not modelled, as P i+1, t+1 is taken as an exogenous variable (external population projection model outcomes are plugged in).
Mortality and migration are accounted for through P i,t .
The probability of death is the same for smokers as for non-smokers.
All smokers develop(ed) their smoking habit in their teenage years (i = 1) and are unable to quit later on.
There is no smoking cessation and initiation after 20 years of age. Equivalently, we can assume that the rates of cessation and initiation are equal instead. As a result of that, aging after 20 years of age influences tobacco consumption volume rather than smoking status (smoker/non-smoker).
Smokers' consumption in i is determined as the product of a corresponding predetermined coefficient b i and their past consumption in i = 1 (α t ).
The model can be modified to distinguish gender groups within age categories, which is a desirable property as smoking prevalence and consumption differs significantly between these two subgroups. The upper M or F index denotes the male or female subgroup. Then, the model has the following form (assumptions equivalent to those above apply):
1 2 1
When it comes to modelling the population size of smokers, our model follows the basic principles of a model introduced by Mendez et al. (1998) with some simplifications and extensions. As opposed to Mendez et al. (1998) we do not account for smoking cessation and do not differentiate between smokers' and non-smokers' death rates because we do not have available sufficiently reliable data specifying these death rates of smokers and nonsmokers in the Czech Republic. However, our model takes sex differences and migration into account. Our assumption that future smoking status of an individual is shaped before the age of twenty is rather strong, but backed by empirical evidence of Kralikova et al. (2013) . We assume the initial level of tobacco consumption (before twenty years of age) to be the main determinant of smoker's future level of tobacco consumption. These are therefore given as factors of the initial consumption of each age group. We estimate these factors empirically using count variable regression model on Czech survey data. The mechanics and dynamics of the model works as follows: The model takes population projection P i,t for each age category; for every birth cohort, currently in this age category, it finds its original adolescent smoking rate r t−i+1 and average tobacco consumption α t−i+1 at the period of t -i + 1 (when this birth cohort was located in adolescent age category).
Then, it multiplies the current age category size P i,t by the smoking rate r t−i+1 (smoking rate is assumed to be cohort specific and constant over time) to get the number of smokers s i,t in the age category and the sum for whole population S t consequently.
Our model assumes that average consumption of a birth cohort changes throughout life, however, only by a factor of the average adolescent tobacco consumption, i.e. it equals α t−i+1 b i , where α t−i+1 is the average adolescent tobacco consumption and b i is the corresponding coefficient specifying the change in consumption with aging. These are specific to every age category (not cohort), determined by our empirical analysis, and constant over time. Hence, for each age category i the model multiplies the number of smokers in it, s i,t , by α t − i +1 and b i in order to obtain the tobacco consumption c i,t . And the total tobacco consumption C t as the sum over all age categories.
With the change to the next period t + 1, each birth cohort moves one age category up (to i +1). Then, its size changes to P i +1,t +1 , and the respective coefficient is now b i+1, the rest of cohort specific variables remain unchanged. This means that the changes of consumption of a cohort are triggered solely by the change of respective coefficients (from to b i to b i +1 ) capturing the effect of aging. In this new period, the model again needs to be supplied with the data for the adolescent population (the youngest age category) and its smoking habits as the model is unable to retrieve this information from the previous period. The population size P 1,t +1 is provided by the external population projection. The corresponding smoking rate among teenagers and their average consumption for next periods are unknown. In our empirical analysis, we vary these variables according to our scenarios in order to see how the model results change. The above described mechanism of the model works successively for each period, such that the outcomes of the model are only dependent on the characteristics of smoking behaviour of future teenagers and their cohort size.
Estimation of the Parameters
Using a count variable in a standard OLS linear regression is not appropriate because assumptions like homoscedasticity and normality of errors might be violated. Possible alternatives suitable for this kind of data are the Poisson and negative binomial regression models. A common issue when using the Poisson regression is that equidispersion, the equality of conditional mean and variance
x , is assumed in Poisson distribution and the data may (and very often they do) actually violate this rather strong assumption and exhibit overdispersion: ( | )
x . This can underestimate the standard errors. Overdispersion can result from some omitted heterogeneity or due to state dependence. State dependence occurs when the observed events are not independent (e.g. smoking the second cigarette is not an independent event because the individual had to smoke the first before, thus the likelihood of smoking the first cigarette and the likelihood of smoking two cigarettes are not independent). Though there exists a Poisson model modification for overdispersed data, using negative binomial model which accounts for overdispersion is a more common practice. Running the likelihood-ratio test compares both models and checks for overdispersion. Hence, one can easily decide which model suits the data better.
As mentioned, the negative binomial model, unlike the Poisson model, accounts for overdispersion. This feature originates from the form of the variance of the NB2 model (notation from Cameron et al. (1986) ), which is the standard and the most common form of the negative binomial model. Its variance function has the following form:
where α is the overdispersion (or heterogeneity) parameter. For example, the other (less used) version of the model, denoted NB1, has variance of ( | )
if the dispersion parameter α in any of the models is zero, the model variance has properties of the Poisson model (
. NB2 is adopted (as default option) by all major statistical programmes.
Having a count data in a regression can cause several problems, where many of them are caused by zero counts. The one that is relevant to our analysis is the inflation of zeros, i.e. the fact that zeros can be generated by a different process (decision) than the positive values. As in our case, where positive counts are reported only by smokers whilst nonsmokers report zero. The key is to distinguish between the structural zeros and zeros of those participating in the process that generates the discrete values of the count variable. For this purpose we use the zero-inflated negative binomial model (ZINBM). Though it is possible to use probit with ZINB, we choose to use logit as it is a more common practice. Estimating ZINB is a two step procedure consisting of estimating logit model in the first stage and estimating NB2 version of the negative binomial model in the second stage. Binary regression (logit) is used to model the decision of the individual to become a smoker and NB2 count regression is used for estimation of the smoking intensity.
Notice, that the log-likelihood function must be then different for cases when y = 0 and y > 0. The log-likelihood functions for ZINB with logit are given by Hilbe (2011) as:
Where β 1 stands for the regression coefficients for the binary part, whereas β for the count part of the model. For the interpretation of ZINB model, the second stage NB2 part is of primary interest. Because the ZINB model has a log-form, the beta-parameter estimates represent the differences in expected counts. For a one-unit change in p th predictor x p (where 1 ≤ p ≤ n) this is the difference in predicted counts:
Where x is the set of explanatory variables, x ' is the set of explanatory variables after the change in p th variable, ŷ | x is the predicted value of ŷ from the regression of y on x, and ŷ |x ' is the predicted value of ŷ from the regression of y on x ' . After exponentiation we get an Incidence Rate Ratio (IRR):
IRR denotes the ratio of incident rates for different values of a given predictor.
Forecasting Taxation Revenues
Since our model predicts tobacco consumption and we assume that taxation revenue changes proportionally, then the model outcomes can be expressed in terms of future taxation revenues. However, predicting future revenues from the tax on tobacco is a troublesome task as the level of taxation might change in the future and the model is unable to capture these changes effectively. It models all predictions assuming the present price level and taxation policy. Hence, the outcome should be considered only as a qualified approximation of the future state. Here is the key equation showing very simple relation of tax revenues to tobacco consumption:
where 0 t T is the present tobacco tax revenue. In our empirical analysis, the input for 0 t T is the 2013 tax revenue of CZK 46.82 bn. More detailed description of Czech tobacco tax policies provide Shirane et al. (2012) .
Data
In our analysis we use EUROPOP2013 (European Population Projections, base year 2013) population projections from 2013 by EUROSTAT. It provides detailed projections specifically for the Czech Republic, for both genders separately and for every single year of age. Its horizon is the year of 2080.
We use a 2012 (Q4) survey collected by SCC (Czech market research company) for the Czech National Monitoring Centre for Drugs and Drug Addiction using the method of stratified sampling in all parts of the Czech Republic. This survey is run periodically every 4 years. Unfortunately, the questions differ substantially from those in previous version from 2008 and the sample is not the same as well. For example, the amount of cigarettes consumed daily were not reported prior to 2012 survey, only the smoking status (smoker/non-smoker). Also, the definition of categorical variables was slightly different (inconsistent categorization) and the survey did not provide as much detailed background information about the respondent. Thus, we could not use data from past years and form a time series. Hence, we use only the data from 2012 for cross-sectional analysis.
The purpose of this survey is to analyse the consumption of drugs (not only tobacco and alcohol but illegal ones as well) and its motivation on an individual level. All of the data is self-reported. While the raw dataset consists of 2,135 observations, we use only 1,512 of them remaining after our careful data-cleaning procedure. The reason is that many respondents left some parts of the questionnaire blank or their responses simply did not make any sense (mistakes, nonsense). In the regression model we use 38 variables described in Table 1 .
Most of the listed variables are socio-demographic -describing the position of the individual in the society, his social-economic status (through education, income, etc.), or his personal characteristics (age, gender, etc.) . Besides that, there is one variable, which allows to observe respondent's health behaviour other than smoking -alcabuse. It is a dummy that takes the value of one if the respondent is an alcoholic. We generated Alcabuse variable from the original statistics (which specified the frequency of drinking) using the following rule: Abusive drinkers (alcoholics) are determined by consuming five or more drinks during one occasion in a single month (or more frequently). The definition might seem broad, but the responses are possibly underrated and that should offset it. Variables b 1 -b 10 are dummies corresponding to age categories from the theoretical model. Their estimated incidence rate ratios will play the role of model coefficients.
Dummy variable smokes is the binary dependent variable for the binary part of the ZeroInflated Negative Binomial Model (ZINBM), while cigsdaily is the dependent variable for the negative binomial part of the ZINB model. Their types correspond to the approach to analysing the tobacco consumption -the first one as a dummy represents the extensive margin (smoke or not to smoke), while the other one the intensive margin (cigarettes per day conditional on being a smoker). The histogram below illustrates the distribution of cigsdaily among smokers (zero values omitted) in the sample. Apparently, the most common answers were ten and twenty cigarettes daily, most likely because of rounding. 
Consumption Coefficients Estimation
The ZINB regression model was estimated using MLE in STATA with cigsdaily as a dependent variable. The estimates of the logit part of the model have only auxiliary function to NB2 estimation, are of no interpretative value and actually vary from a standard logit results as currently a modified log-likelihood function is incorporated. The insignificant variables are omitted from the logit part including the constant term. Logit was estimated with variable age instead of b 1 -b 10 dummies for simplicity, age is significant at 5% level. The model estimation with fully specified NB2 part (Table 11 in Appendix) shows that income, municipality size, retirement, unemployment, maternity, and disability are not significant predictors of tobacco consumption at the 5% level. Resulting model (Table 3) confirms significance for all the other variables (jointly for categorical) as well as for the intercept at the 5% significance level and student at 10%. The corresponding calculated IRRs supplement the estimated coefficients in Table 3 .
The positive coefficient of α (the heterogeneity parameter) of 0.2429 proves that some over dispersion is really present. Though, careful testing is still necessary. The likelihood ratio test between this ZINB model and its Poisson alternative, ZIP (zero-inflated Poisson), has the following form:
where Z IP  is the log-likelihood value of the model preferred under null hypothesis (ZIP) and Z INB  is of the other one (ZINB). LR follows chi-squared distribution. In our case, the test results in a p-value of zero, which implies that ZINB suits the data better.
The Vuong test Vuong (1989) is a test comparing the ZINB model to the standard NB2 model. It checks for significant difference between the fitted values of models. The Vuong test forms a z-statistic
where μ is the mean of u i , σ i is the standard deviation of u i and
The test compares the probabilities P(y i | x i ) of outcome y i given x i . Under the null hypothesis, ZINB is the better model. The test follows the normal distribution. With a z-statistic of 12.67 and corresponding p-value of zero ZINB is again the better of the two. These tests confirm that choosing ZINB model among other count models was the right choice. This is further confirmed by our ZINB regression where log(α), the logarithm of the dispersion parameter, is statistically different from minus infinity at the 99% significance level. If it were not the case, Poisson model would be more appropriate.
Let's focus on the IRRs and interpret our estimation results as this might be interesting for health economists. Among those who smoke, being an abusive drinker increases tobacco consumption by 21.75% (by a factor of 1.2175), holding all other factors constant. Similarly, being a male by a factor of 1.3749 (37.49%). The effects of indicators of education are very similar. Student's volume consumed is smaller by a factor of 0.7347 (−26.53%) than nonstudent's. The respective factors for educ2-5 are 0.6985 (−30.15%), 0.6613 (−33.87%), 0.6423 (−35.77%) and 0.5886 (−41.14%) compared to educ1 level. The IRRs of b 1 -b 10 show that the age influence is not linear, these are the coefficients sought for b 1 , …, b 10 . Though some coefficients are insignificant, b 1 -b 10 are jointly significant at the 10% level and thus applicable in the theoretical model. These IRRs along with corresponding age categories are once again for clarity reported in the following table: Our data do not allow us to predict b 11 for elderly aged 65+. Therefore, we assume that, on average, people turning 65 do not change their consumption behaviour and sustain this consumption level until their death, i.e., b 10 = b 11 .
Because we work only with present data, the values of r t − i +1 and α t − i +1 for age cohorts i = {2, ..., 10} are not defined and have to be computed or approximated. For r t − i +1 the situation is quite clear as the model assumes the age cohort's percentage of smokers stays constant and thus r t − i +1 equals the current percentage at time t = 0 in given age category. In case of α − i +1 (t = 0 because this is an initial model setting) we use the assumption that consumption follows the pattern given by b 1 , …, b 10 . Then, the following formula applies:
where i c is average consumption within i at time t 0 . The derived input data are summarized in the following Table 5 .
Again, the absence of respondents aged 65+ (in i = 11) in the dataset has to be fixed. This time we plug in the results from Sovinová et al. (2014) survey, where 21.10% of respondents aged 65+ were smokers. The value of corresponding α −10 is based on an additional assumption that 
The actual numbers with M/F indexes for i = 10 differ as α −10 ignores gender differences in i = 11 and counts the population average. This number is consistent with the findings of Sovinová et al. (2014) .
This problem was caused by the structure of the dataset, but the missing coefficients and descriptive statistics are only the consequences of a much larger problemthe disproportional size of age group i = 11, which violates the assumption of having age categories of the same size. The model is able to model behaviour from 15 to 64, however, later on it lacks the ability to capture any changes and it has to rely on approximation of some constant rates. This artificial limitation and assumption violation can cause some bias in predictive power of the model. Unfortunately, the data does not allow any other solution than the one introduced above. A more thorough and detailed survey data would be required for any future improvements. 
Model Scenarios
The outcomes of our model are dependent on future teenage smoking characteristics. This means that several models with different inputs must be built to capture all possible future developments. Firstly, we analyse the smoking population and daily consumption in 2013 (t 0 ). Secondly, we focus on possible developments of teenage smoking rates and consumption. In this respect, we consider 4 possible period-to-period changes by ±5% and ±10%. The time interval between two periods is 5 years, starting with 2013. These scenarios have this property: The positive development (+5% and +10%) scenarios' parameters grow with time at an increasing pace, while negative development (−5% and −10%) scenarios' parameters decline with time at a decreasing pace. This model property is intentional and based on the studies of peer influence among adolescents (e.g. Pertold (2009) ). Those proved that peer influence is an important determinant of smoking status, that implies the higher the prevalence the higher peer pressure to smoke, the lower prevalence the lower peer pressure but some compulsive smokers still remain present. This makes perfect sense for modelling smoking rates, however, not for average consumption as intensive smoking does not make existing smokers to smoke more. Therefore, the average teenage consumption will be studied through different scenarios based on data from Table 5 .
The Initial State in 2013
The model estimates the total population of smokers in the Czech Republic in 2013 as 2.41 million. Table 6 provides more detail on the distribution within age categories. The estimated daily consumption of cigarettes is 31.72 million. See Table 7 for more detail. The tax revenue according to the Czech Ministry of Finance was CZK 46.82 billion. 
Status Quo
Suppose the current teenage smoking rate (32.43% for men and 23.73% for women) and average consumption (9.1 cigarettes) are steady-states. Then, there will be no changes in these parameters in future. The projected development of smokers in the Czech population is depicted by Figure 2 , the projected consumption in Figure 3 and taxation revenues in Figure 4 . For numerical results, see Table 8 . All of the charts follow a similar pattern -a boost until 2028, a steady decline, another surge peaking in 2053 followed by a plunge. The relation of consumption to tax revenue is proportional, hence, the figures have the same shape. On the other hand, relation of consumption to number of smokers is not so trivial and the plots actually differ. Let's focus on the growth in 2013-2023. The overall daily consumption of cigarettes grew by 7.44%, while the number of smokers only by 5.55%, 
Teenage Smoking Rate Scenarios
These scenarios assume that the percentage of smokers in the group of teenagers varies, while average teenage tobacco consumption sustains its initial level from 2013. The model predicts ±5% and ±10% period-to-period changes. These mechanisms can be expressed as: Figure 5 shows the predicted smoker population size with the status quo scenario (as SQ) and period-to-period change ±5% and ±10% scenarios. Similarly, the predicted consumption is described in Figure 6 and tax revenues in Figure 7 . Complete model predictions data are summarized in Table 9 . The numbers indicate that number of smokers, daily consumption as well as tax revenues are going to increase within the next decade in any of these scenarios. These variables will ever reach their initial value from 2013 and further fall only in scenarios −5% and −10%. The drop below the initial state is predicted in period 2038-2043 at the earliest. 
Teenage Tobacco Consumption Scenarios
Now, let's assume that the smoking rate among adolescents stays constant at its current rate and only consumption level changes. Interestingly, if its development mechanism were analogical to those in the previous section (5% / 10% period-to-period growth/decline), the resulting predictions and charts would be identical to those in the previous section. If current teen smokers increase the tobacco consumption by 30%, it is the same as if there were 30% more teen smokers, while they all keep their initial consumption level. Nevertheless, as have been discussed before, this approach is not realistic and we prefer to base the scenarios on empirical observations from Table 5 . The approach is such that we take the average of all    F denote the average adolescent tobacco consumption for each gender during past ten years. We plug these numbers into the model as if they were for whole adolescent population. As it is unlikely that the total teenage consumption average would fall bellow α F or above α M , the predicted outcomes should very likely be located inside the interval created by these scenarios.
Furthermore, we find the minimum of and use them as scenarios for extreme cases. In every scenario, we assume the change of consumption takes place in the subsequent period and there are no changes further on. As the portion of smokers among adolescents is assumed constant at its current rate, there is no point in plotting a chart for total population of smokers because that would equal to Figure 2 . Predicted tobacco consumption is shown in Figure 8 and predicted tax revenues in Figure 9 . The predictions of the model in a numerical form are located in Table 10 .
The charts show that in the short run, the change in tobacco consumption of adolescents has only minor effect as they account only for a small part of population. However, smokers affected by these changes age and new ones come, so this transforms the population such that the portion of smokers with the new level of consumption grows steadily with time. Then, in the long run, the scenarios split and their differences grow with time.
Conclusions
This paper built a theoretical framework to model the future tobacco consumption, size of smoking population and governmental tax revenues in the Czech Republic. The constituted model had to be adjusted by certain limitations and assumptions (mainly due to the lack of time series data) in order to be applicable to the data by the Czech National Monitoring Centre for Drugs and Drug Addiction. While these restrictions simplified the model, the model projections should still be able to capture the future trends induced by upcoming demographic changes to the Czech population and provide approximate forecasts. On the contrary, not all assumptions are artificially imposed because of the lack of data, some are based on empirically justifiable reasoning -a good example is the main assumption of the model, stating that smokers form their tobacco consumption behaviour as adolescents.
The model predictions are dependent on the future characteristics of the adolescentstheir smoking rate and average daily cigarette consumption. The data from Czech National Monitoring Centre for Drugs and Drug Addiction were used to identify the dependence of tobacco consumption (of each age category) on the prior teenage consumption and provide the resulting coefficients to the model. The same data set was used to supply input for the initial period (2013) of the model. The model inputs (adolescent tobacco consumption characteristics) for the upcoming years have been varied using several scenarios. The resulting forecasts have shown that no matter how large the change in these parameters is, the effect is little in the short run. The reason is that teenagers form only a small portion of the whole population. Nevertheless, in the long run, the effect increases as the portion of population affected by these changes grows and ages.
All of the scenarios predict a growth in the tobacco industry within the next 13 years (until 2028). In particular, the projected number of smokers in 2028 is by 4-8% higher than in 2013, the total daily tobacco consumption and tax revenue by 7-26%. This increase is induced by aging of large birth cohorts.
Interpreting the predictions in the long run is troublesome as the extreme scenarios differ substantially. For example, the total daily consumption can either double or halve in about 50 years. Focussing on the status quo scenario is the best way to understand the future development. Within the next 50 years, the perception, policies and behavioural patterns of smoking are very likely to change and debase any predictions. Nevertheless, it is interesting to see the long run outlook if the current state were to continue unchanged. The status quo scenario predicts an increase in number of smokers from 2.4 in 2013 to 2.7 million in 2028, later on fluctuating around 2.6 million with small deviation in 2048-2053 with a peak of 2. Clearly, the question emerging from these outcomes is: Does this prospect of an increase in tobacco prevalence and consumption within the next decade call for a policy response or any taxation change? The Czech government currently introduced a new antitobacco policy. This law bans all smoking in restaurants and bars. This may influence the forthcoming development and the effect of this policy could partially offset the upcoming boom. However, possible trade-off is caused by the decrease in future tax revenues.
Possible model improvements and further research are strongly depending on an availability of time series data with consistent structure and necessary detail. An ideal approach would be to combine the methods of Mendez et al. (1998) and the age-cohort model. Such analysis would be able to estimate the cohort effects, improve the robustness of model coefficients and model the smoking behaviour much better (with cessation, higher probability of death for smokers, etc.). Altogether, it would result in a model with higher predictive power. 
